ABSTRACT: Regional climate model (RCM) simulations are often used with agricultural models to assess the impact of climate change on agriculture. This study assesses the suitability of climate data sets from an RCM ensemble for forcing simulations of wheat yields for New South Wales, Australia, performed using the Agricultural Production Systems sIMulator (APSIM). Differences in yields between APSIM simulations forced with RCM output for the 1990-2009 period and APSIM simulations forced with observations are examined, as are simulated changes in yields between 1990-2009 and 2060-2079. The RCM ensemble downscales four global climate models (GCMs) using three different RCMs, firstly to a horizontal resolution of approximately 50 km, and then to approximately 10 km. All of the RCM simulations, 50 and 10 km, are able to simulate the spatial pattern of yields across the study region. However, some simulations have biases in yields. The largest of these are due to biases in rainfall during the growing season inherited from the GCMs. If the RCM output is bias-corrected, the largest positive yield biases are reduced because the underlying biases in growing season rainfall are reduced. Simulated future changes in yields are affected because there is a non-linear relationship between simulated yields and growing season rainfall. Downscaling to 10 km, rather than 50 km, is only beneficial when bias correction is used. The bias-correction technique used does not eliminate all biases in growing season rainfall and increases some of the smaller biases. Nonetheless, because of the potentially large effect of the rainfall biases on simulated future yield changes, this study supports the use of bias correction in assessments of the impacts of climate change that use RCM output to force APSIM. Indeed, our findings suggest that bias correction may be necessary to obtain reliable future changes in other outputs of other biophysical models that respond non-linearly to climate inputs.
Introduction
Regional climate models (RCMs) are an increasingly important tool in the assessment of climate change impacts. They translate broad-scale representations of future climate conditions from global climate models (GCMs) to climate data on the fine spatial scales commonly required by impact studies. Many less computationally expensive methods of downscaling GCM output exist, including statistical downscaling methods and the scaling of observations by GCM-simulated climate changes (see Maraun et al., 2010; Evans et al., 2012b; Ekström et al., 2015) . However, dynamical downscaling using RCMs has the advantage that it produces internally consistent data sets that include many climate variables. RCM output is increasingly being used in studies of the impacts of climate change on agriculture (e.g. Holz et al., 2010; Zhang et al., 2015) . We investigate the suitability of RCM output for this purpose. We use different data sets derived from an RCM ensemble designed to underpin climate adaptation efforts in New South Wales (NSW), Australia with an agricultural model commonly used to simulate wheat cropping in the region, the Agricultural Production Systems sIMulator (APSIM) (Keating et al., 2003) .
For an agricultural model to simulate realistic changes in crop yields in response to future climate changes, it must be forced with climate data that realistically represent relevant aspects of the recent climate (Hawkins et al., 2013; Glotter et al., 2014) . This is because crops have non-linear responses to climate and other environmental factors, meaning that responses to climate change depend on some aspects of the initial climate state. For example, French and Shultz (1984) describe the non-linear response of wheat yields to rainfall in South Australia.
Like GCM output, RCM output contains errors relative to observations (e.g. Evans and McCabe, 2013; Bennett et al., 2014) . Therefore, because agricultural models require realistic climate data as input, many studies of the impacts of climate change on crop yields have used bias-corrected RCM output to force agricultural model simulations (e.g. Holz et al., 2010; Zhang et al., 2015) . However, bias correction has limitations. Firstly, it relies on developing transformations between climate model output and corresponding observations and so cannot be applied to variables for which such observations are not available. Furthermore, it is not usually possible to correct all relevant errors for variables for which observations are available, such as the shape of distributions of daily values of climate variables (Hawkins et al., 2013) or the temporal sequencing of values (Piani et al., 2010) . Bias-correction methods usually assume that errors do not vary with time throughout a climate model simulation (Bennett et al., 2014) , and any time-dependent components of errors are not corrected (Haerter et al., 2011) . Furthermore, bias correction can disrupt the physical consistency of the climate model output, changing, for example, the relationships between different climate variables (Piani et al., 2010) . Finally, some bias-correction methods modify simulated future climate changes in ways that may not be justifiable (Haerter et al., 2011) .
Recognizing the disadvantages of bias correction, Macadam et al. (2014) investigated the suitability of uncorrected RCM output for forcing APSIM simulations of wheat cropping in NSW. They considered nested 50 km resolution and 10 km resolution simulations of the recent climate from a single RCM forced with a single GCM. We extend the work of Macadam et al. (2014) by investigating APSIM wheat simulations forced with both uncorrected and bias-corrected output from an ensemble of 50 and 10 km RCM simulations. We ask whether there are benefits to bias correction and increased RCM resolution by analysing wheat yields simulated for a recent period and simulated future changes in yields.
Method

Agricultural Production Systems sIMulator
APSIM is a well-developed biophysical model designed to simulate farming systems (Keating et al., 2003) . In Australia, the wheat module (Meinke et al., 1998; Keating et al., 2001; APSIM Initiative, 2014) has been widely used to examine the potential effects of increased atmospheric carbon dioxide (CO 2 ) concentrations and climate change on wheat yields (e.g. Howden et al., 1999; Reyenga et al., 1999; Howden and Crimp, 2005; Luo et al., 2005; Wang et al., 2009; Holz et al., 2010; Luo et al., 2010; Potgieter et al., 2013) .
APSIM is a paddock-scale model incorporating many empirically-derived algorithms representing relevant processes, such as those related to crop physiology. These algorithms have been extensively calibrated and evaluated against field observations by previous studies. Keating et al. (2003) list many of these studies. More recent studies include Chen et al. (2010) , who calibrated and evaluated APSIM wheat and maize simulations against yield, biomass and leaf area observations from three field sites in China, and Liu et al. (2014) , who evaluated the simulation of soil organic carbon storage for Wagga Wagga, NSW. As many APSIM-based studies of the impact of climate change on Australian wheat yields (e.g. Luo et al., 2005; Luo et al., 2009; Wang et al., 2009; Luo et al., 2010; Wang et al., 2011) have done, this study relies on these previous studies to ensure plausible simulations of the processes governing wheat yields. Further calibration and evaluation of APSIM are beyond the scope of this study, which uses the model to assess RCM-derived climate data sets rather than to provide decision-relevant information on the impacts of climate change on wheat. This study analyses annual wheat yields in units of mass per unit of area output by APSIM simulations. Data describing soil characteristics and crop management actions are simulation inputs, as are time series of daily rainfall, maximum air temperature (T Max ), minimum air temperature (T Min ) and solar radiation.
Observational data
We consider the same 22 Australian Bureau of Meteorology observing sites in the NSW wheat belt considered by Macadam et al. (2014) (Figure 1 ) and use the same point-based observational data set, the SILO patched point data set (Jeffrey et al., 2001) . In the SILO data set, gaps in meteorological records have been filled using spatial interpolation algorithms to produce complete records suitable as input to APSIM.
We also consider observational rainfall, T Max and T Min data from a gridded data set developed by Jones et al. (2009) for the Australian Water Availability Project (AWAP). The original AWAP data set, which is on a 5 km resolution grid, has been regridded by onto the 50 and 10 km grids of the RCM simulations that we investigate. For each site, time series of daily rainfall, T Max and T Min for the 1990-2009 period were extracted from both the 50 and 10 km AWAP data sets. Following Macadam et al. (2014) , data for the nearest gridpoint to each site were extracted.
RCM output
We use output from an ensemble of RCM simulations performed by the NSW and Australian Capital Territory Regional Climate Modelling (NARCliM) project . The simulations use the Intergovernmental Panel on Climate Change's SRES A2 scenario for future emissions of greenhouse gases and sulphate aerosols (Nakićenović and Swart, 2000) . SRES A2 simulations of four GCMs that contributed to the World Climate Research Programme's Coupled Model Intercomparison Project phase 3 (CMIP3) (Meehl et al., 2007) were downscaled with three different RCMs. The GCMs used were the CCCMA CGCM3.1(T74), CSIRO-MK3.0, ECHAM5/MPI-OM and MIROC3.2(medres) GCMs, hereafter the 'CCCMA3.1', 'CSIROMK3.0', 'ECHAM5' and 'MIROC3.2' GCMs. This set of GCMs was selected based on ability to reproduce aspects of the observed climate, independence of errors in the reproduction of the observed climate and maximization of sampling of uncertainty in future changes in annual mean temperature and rainfall (see for further details). The RCMs were selected from 36 different configurations of the Advanced Research WRF (Weather Research and Forecasting) version 3 modelling system (Skamarock et al., 2008) that used different combinations of parametrization schemes for cumulus convection, cloud microphysics, radiation and the boundary layer. The set of three RCMs used, designated 'R1', 'R2' and 'R3', was selected based on ability to reproduce aspects of the observed climate and independence of errors in the reproduction of the observed climate (Evans et al., 2012a) .
For each of the 12 different GCM-RCM combinations, downscaling was done in two stages. Firstly, the RCM was used to simulate a domain covering Australia and the surrounding ocean at a horizontal resolution of 50 km using boundary forcing from the GCM. Secondly, the RCM was used to simulate a domain covering southeast Australia at a horizontal resolution of 10 km using boundary forcing from the 50 km simulation. Hence, 24 RCM simulations were performed for each of the periods simulated, 1990-2009, 2020-2039 and 2060-2079. We discuss analysis based on just the 1990-2009 and 2060-2079 simulations. This is because climate changes due to greenhouse gas forcing are larger between 1990-2009 and 2060-2079 than between 1990-2009 and 2020-2039 . Analysis of the 2060-2079 simulations was therefore likely to provide the best opportunity to consider non-linear responses of APSIM to substantial future climate changes.
As well as uncorrected RCM output, the NARCliM project generated bias-corrected data. Daily rainfall, T Max and T Min data were corrected towards observations from the AWAP data set using a quantile-mapping technique (Argüeso et al., 2013; . The underlying idea of the method was to correct the probability distribution function of each variable using observations of the NARCliM recent period (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) ). At each model grid point, a theoretical cumulative probability distribution function is fitted to the data for each NARCliM simulation and for the corresponding AWAP data set (50 or 10 km). A gamma function is used for rainfall and a Gaussian function is used for T Max and T Min . The cumulative probability of a given simulated event is estimated using the theoretical function for the model and it is replaced with the event with equal cumulative probability from the theoretical function fitted to observations. All simulated values for each variable are corrected individually and, as a result, the simulated probability function is corrected towards the observed one for each location independently. Residual biases may still remain in the corrected model outputs because the fitting is performed towards theoretical functions, which ensures that a cumulative probability can be assigned to all simulated values.
Time series of daily rainfall, T Max , T Min and solar radiation were extracted from the gridded output of all of the 1990-2009 and 2060-2079 NARCliM RCM simulations for each of the 22 sites. For rainfall, T Max and T Min , both uncorrected and bias-corrected data were extracted. As for the AWAP data, data for the nearest gridpoint to each site were extracted.
APSIM simulations
For each of the 22 sites, an APSIM simulation was performed forced with uncorrected and bias-corrected rainfall, T Max and T Min data from each of the 1990-2009 and 2060-2079 NARCliM RCM simulations. Because bias-corrected solar radiation data were not available, both types of simulations used uncorrected solar radiation from the NARCliM simulations. For each site, 1990-2009 simulations were also performed forced with SILO observational data and a combination of rainfall, T Max and T Min data from the 50 and 10 km AWAP observational data sets and SILO solar radiation data.
All of the APSIM simulations simulated Ventura wheat growing in 'Brown Clay (Bellata No 121)' soil using a setup almost identical to that used by Macadam et al. (2014) . In each simulation year, the wheat was sown as soon after 30 April as the quantity of water in the top layer of soil exceeded a prescribed threshold. If this threshold was not exceeded by 1 July, then the wheat was sown on that date. Atmospheric CO 2 concentrations followed the SRES A2 emissions scenario.
The simulations differed slightly from those of Macadam et al. (2014) in their treatment of initial conditions. Macadam et al. (2014) reset the amount of surface organic matter and the nitrate and ammonium contents of each soil layer to their initial values on 1 January every simulation year. Because the growing period of wheat in our simulations sometimes extended beyond 1 January, we reset these variables on 1 February. Macadam et al. (2014) excluded output from the first 5 years of their simulations from their analysis to allow for the simulated soil water conditions to spin-up from a state close to their initial conditions to a state consistent with the meteorological forcing data. This limited their analysis to the 21-year 1990-2010 period. We did not wish to exclude any data from our 20-year 1990-2009 and 2060-2079 analysis periods. To spin-up our simulations, we duplicated the 20 years of forcing data, ran 40-year simulations and then disregarded the first 20 years of output.
Analysis of simulated wheat yields
We judge the realism of relevant aspects of the RCM-simulated recent climate by comparing wheat yields from APSIM simulations forced with RCM output with wheat yields from simulations forced with climate observations. Observations of yields are not used. This approach allows an assessment of the NARCliM climate simulations, distinct from any assessment of the crop model, imperfections in which are not addressed. This approach was used recently by Glotter et al. (2014) to evaluate the utility of dynamical downscaling in agricultural impacts projections for the United States. We calculated the mean value of the 20 annual wheat yield values from each of the 1990-2009 APSIM simulations forced with NARCliM output and subtracted the mean yield from the corresponding 1990-2009 APSIM simulation forced with SILO data. We regard the resulting differences as yield biases, and refer to them as such.
We evaluated future changes in wheat yields for the APSIM simulations forced with NARCliM output by subtracting the 1990-2009 mean yields from corresponding 2060-2079 mean yields. We refer to the resulting data as 'future yield changes'. Figure 2 shows mean wheat yields for the 1990-2009 period from the APSIM simulations forced with SILO data. These are used as a reference data set to which yields from the simulations forced with RCM output are compared. The mean simulated yield averaged across the 22 sites is 3.4 t ha −1 . This is comparable to the actual yields of between 2.5 and 3.5 t ha −1 reported for most of the region for 1999-2000 by Wang et al. (2015) . Note, however, that we expect the simulated yields to differ from observed yields due to imperfections in APSIM and unrealistic aspects of the APSIM setup that we have used.
Results
APSIM simulations forced with SILO data
To facilitate the subsequent discussion, the wheat belt is divided into western, central and eastern regions. The sites in the eastern region have the highest mean yields, exceeding 4 t ha −1 . The sites with the lowest mean yields, less than 3 t ha −1 , are in the western region. The sites in the central region have intermediate mean yields, between 3 and 4 t ha −1 . sets. Figures S1 and S2, Supporting Information, show the NARCliM-derived data in map form. Figure 3 (a) shows that, generally, the 50 km simulations forced with different GCMs give different yields from each other, and from the SILO data set. For example, the mean yields averaged across all 22 sites for the CCCMA3.1, CSIROMK3.0, ECHAM5 and MIROC3.2 GCMs downscaled with the R1 RCM, 2.6, 5.4, 4.3 and 6.9 t ha −1 , respectively ( Figure S1 ), differ from each other, and from the mean yield for the SILO data set, 3.4 t ha −1 (Figure 2 ). In contrast, mean yields for the three different RCMs are similar when they are forced with the same GCM. For example, wheat-belt-wide mean yields differ by only 0.2 t ha −1 across the three RCM simulations forced with the CCCMA3.1 GCM ( Figure S1 ).
Fifty kilometre NARCliM simulations
Figure 3(a) shows that there are negative yield biases for all or almost all sites for each of the CCCMA3.1-forced simulations. The wheat-belt-wide mean yield is 3.4 t ha −1 for the SILO data set ( Figure 2 ) but only between 2.4 and 2.6 t ha −1 for the CCCMA3.1-forced simulations ( Figure S1 ). There are positive biases for all or almost all sites for each of the ECHAM5-, CSIROMK3.0-and MIROC3.2-forced simulations. Respectively, wheat-belt-wide mean yields are between 4.1 and 4.7 t ha −1 , between 4.4 and 5.4 t ha −1 and between 6.4 and 7.8 t ha −1 for these sets of simulations ( Figure S1 ).
Although there are wheat-belt-wide biases in the NARCliM-derived yields relative to the SILO-derived data, all 12 50 km NARCliM simulations broadly capture the overall spatial pattern of mean yields for the SILO-derived data set. However, the size of the west-to-east 'gradient' in mean yields for some of the NARCliM simulations is different from that for the SILO data. For the SILO data, Figure 2 shows that the mean yield averaged across the sites in the eastern region is 3.2 t ha −1 higher than the mean yield averaged across the sites in the western region. The gradients for the CSIROMK3.0-forced simulations are larger, with the mean yield averaged across the sites in the eastern region being 4.1-4.6 t ha −1 higher than the mean yield averaged across the sites in the western region ( Figure S1 ). Figure 3 (a) shows that this is due to greater positive yield biases in the east than in the west. The gradients for the MIROC3.2-forced simulations are smaller than for the SILO data, with the mean yield averaged across the sites in the eastern region being only 2.3-2.6 t ha −1 higher than the mean yield averaged across the sites in the western region ( Figure S1 ). This is due to greater positive yield biases in the west than in the east (Figure 3(a) ).
Figure 3(a) shows that, generally, the mean yields for the AWAP 50 km data are slightly smaller than for the SILO data. The mean yield averaged across all sites is I. MACADAM et al. 3.1 t ha −1 for the AWAP 50 km data (not shown), whereas it is 3.4 t ha −1 for the SILO data. Except for sites 63035 and 73014 in the east, the difference in mean yields for individual sites is generally smaller than the differences between the NARCliM-derived yields and the SILO-derived yields. Therefore, the findings described above for yield biases relative to the SILO data are also true of biases relative to the AWAP 50 km data. Figure 4 (a) shows that 50 km simulations forced by the same GCM give similar future yield changes, though not to the same extent as for the 1990-2009 mean yields (Figure 3(a) ). Most of the changes are increases in mean yield. The largest increases are for the CCCMA3.1-forced simulations. The mean yield increases averaged across all sites for these simulations are between 1.8 and 2.4 t ha −1 ( Figure S2 ). The increases are largest for sites in the eastern region, where the average increases are between 2.1 and 2.9 t ha −1 , and smallest for the western region, where the average increases are between 1.3 and 1.8 t ha −1 . The CSIROMK3.0-and MIROC3.2-forced simulations give changes in yields of less than 1 t ha −1 for most sites. Some decreases of generally less than 0.5 t ha −1 are given for some sites, generally in the north. The magnitudes of future yield changes averaged across all sites for these simulations are between 0.2 and 0.5 t ha −1 . The ECHAM5 R2 simulation has similar yield changes to the CSIROMK3.0-and MIROC3.2-forced simulations. However, the ECHAM5 R1 and ECHAM5 R3 simulations have moderate increases in mean yield, with wheat-belt-wide mean changes of 0.7 and 1.0 t ha −1 . In contrast to the CCCMA3.1-forced simulations, these are smallest for the sites in the eastern region, where the average increases are 0.4 and 0.7 t ha −1 , and largest for the western region, where the average increases are 0.9 and 1.3 t ha −1 . 3(a) and 4(a), indicating that many of the characteristics of the mean yields from these simulations are similar to those of the mean yields from the APSIM simulations forced with the 50 km resolution NARCliM data.
Ten kilometre NARCliM simulations
As for the 50 km NARCliM simulations, the mean yields and yield changes for the 10 km simulations are generally similar between simulations forced with the same GCM.
Like the 50 km NARCliM simulations, the 10 km simulations broadly capture the overall spatial pattern of mean yields in the SILO-derived data set, but also have biases (Figure 3(b) ). Because the yields for the AWAP 10 km data are similar to those of the SILO data, the biases relative to the AWAP 10 km data are similar to those relative to the SILO data. The spatial patterns of yield changes are similar between the 10 km simulations and the corresponding 50 km simulations, with increases for the CCCMA3.1-forced simulations that are larger towards the east and increases for the ECHAM5-forced simulations that are larger towards the west (Figure 4(b) ). Figure 5 shows the wheat yield biases and future yield changes from the APSIM simulations forced with the 10 km NARCliM data plotted against corresponding data for the APSIM simulations forced with the 50 km NARCliM data. Considering all 12 GCM-RCM combinations and all 22 sites, there are no clear overall systematic differences between the biases for the two different resolutions (Figure 5(a) ). However, there are some notable differences in yield change for some of the simulations (Figure 5(b) ). The 10 km CCCMA3.1 R2 and CCCMA3.1 R3 simulations have smaller increases in mean yield than the corresponding 50 km simulations. The magnitude of mean yield increase averaged across all sites is 1.6 t ha −1 for both the 10 km CCCMA3.1 R2 and CCCMA3.1 R3 simulations ( Figure S4 ), whereas it is 1.8 and 2.4 t ha −1 for the corresponding 50 km simulations ( Figure S2 ). SILO-derived data set and, unlike for the uncorrected NARCliM data, almost all of the NARCliM simulations have a yield 'gradient' between the low-and high-yield sites that is similar to that for the SILO data. For the uncorrected data, differences between the mean yields averaged across the sites in the eastern region and the mean yields averaged across the sites in the western region are 2.3-4.6 t ha −1 for the 50 km simulations ( Figure S1 ) and 2.6-4.9 t ha −1 for the 10 km simulations ( Figure S3 ). For the bias-corrected data, the corresponded ranges are 2.6-3.9 t ha −1 and 2.7-3.9 t ha −1 (Figures S5  and S7 ), closer to the value of 3.2 t ha −1 for the SILO data (Figure 2 ).
Figure 3 also shows that, for both RCM resolutions, the mean yields from the 12 different NARCliM simulations are much more similar to each other in terms of the magnitude of yields than for the corresponding uncorrected data. For the uncorrected data, the range of values for the wheat-belt-wide mean yield is 2.4-7.8 t ha −1 for the 50 km simulations ( Figure S1 ) and 2.1-7.6 t ha −1 for the 10 km simulations ( Figure S3 ). For the bias-corrected data, the corresponded ranges are 2.2-3.9 t ha −1 and 2.2-3.3 t ha −1 (Figures S5 and S7) .
The bias-corrected data for both RCM resolutions give negative yield biases relative to the SILO data set for most of the 22 sites for all 12 simulations (Figure 3(c) and (d) ). While the predominantly negative yield biases for the uncorrected CCCMA3.1-forced simulations are largely removed by bias correction, the predominantly positive biases for the uncorrected CSIROMK3.0-, ECHAM5-and MIROC3.2-forced simulations correspond to negative biases for the bias-corrected data. Because the NARCliM data are corrected towards the AWAP data set, the yields derived from the bias-corrected NARCliM data are generally closer to the yields derived from the AWAP data than to the SILO-derived yields. Nonetheless, the CSIROMK3.0-, ECHAM5-and MIROC3.2-forced simulations have negative biases relative to the AWAP data as well as relative to the SILO data. Figure 6 shows the wheat yield biases from the APSIM simulations forced with bias-corrected data from the 50 and 10 km NARCliM simulations plotted against corresponding data for the APSIM simulations forced with uncorrected NARCliM data. The bias correction is more effective at removing yield biases for the 10 km simulations than for the 50 km simulations. Most of the yield biases for the bias-corrected 10 km data ( Figure  6 (b)) are smaller than the corresponding yield biases for the 50 km data (Figure 6(a) ) and the largest biases for the 10 km data, around 2 t ha −1 , are smaller than the largest biases for the 50 km data, around 3 t ha −1 . However, the relative performance of the bias correction between RCM simulations forced with different GCMs is similar for the two resolutions. For both resolutions, the bias correction is most effective at removing large positive yield biases. Biases exceeding 2 t ha −1 are reducing in magnitude, to less than 2 t ha −1 in almost all cases. This means that the magnitudes of the large biases for MIROC3.2-forced simulations are reduced to magnitudes similar to those for the other RCM simulations. The bias correction is least effective at removing the yield biases for the CSIROMK3.0-and ECHAM5-forced simulations. Although most of the largest biases for these simulations are reduced in magnitude, and some of the smaller biases are reduced, many of the smaller biases are actually increased in magnitude by the bias correction. Finally, the bias correction is moderately effective at removing the yield biases for the CCCMA3.1-forced simulations. Almost all of these FORCING WHEAT SIMULATIONS WITH REGIONAL CLIMATE MODEL DATA biases are reduced in magnitude for the 10 km simulations, although a greater proportion of these biases are increased in magnitude for the 50 km simulations. Figure 4 (c) and (d) presents future yield changes from the APSIM simulations forced with bias-corrected data from the 50 and 10 km simulations. Figure 7 shows the yield changes for the bias-corrected data plotted against the changes for the uncorrected data. For both resolutions, bias correction makes little difference to most of the changes for the CCCMA3.1-, CSIROMK3.0-and ECHAM5-forced simulations. A notable exception is that many of the large increases in mean yield for the uncorrected CCCMA3.1-forced simulations for the eastern region and, for the 50 km simulations, the central region correspond to substantially smaller increases for the bias-corrected data. The magnitude of mean yield increase averaged across the sites in the eastern region is between 2.1 and 2.9 t ha −1 for the uncorrected 50 km CCCMA3.1-forced simulations ( Figure S2 ), whereas it is between 1.0 and 2.1 t ha −1 for the corresponding bias-corrected data ( Figure S6 ). Importantly, this removes almost all of the yield increases that exceed 3.0 t ha −1 , thus narrowing the range of yield changes simulated by the ensemble. In addition, the decreases in mean yield for the uncorrected data from the CSIRO-MK3.0-forced simulations correspond to smaller decreases or small increases for the bias-corrected data. However, the largest differences between the yield changes for the uncorrected and bias-corrected data are for the MIROC3.2-forced simulations. Most of the changes for these simulations are much larger for the bias-corrected data than for the uncorrected data. The wheat-belt-wide mean magnitude of change in yield is between 0.3 and 0.5 t ha −1 for the uncorrected 50 km MIROC3.2-forced simulations ( Figure S2 ), whereas it is between 0.6 and 1.1 t ha −1 for the corresponding bias-corrected data ( Figure S6 ).
Discussion
Yield-rainfall relationship
Rainfall during the growing season is a key determinant of dry-land wheat yields in southern Australia (e.g. French and Shultz, 1984) and this is reflected in studies that have used APSIM to simulate wheat cropping in the region (e.g. Wang et al., 2009; Macadam et al., 2014) . Macadam et al. (2014) showed a strong association between wheat yields and May-December total rainfall in their APSIM simulations for the sites that we consider. Figure 8 shows mean wheat yields for the 1990-2009 period from the APSIM simulations forced with SILO observational data and uncorrected 50 and 10 km resolution NARCliM data plotted against corresponding mean May-December rainfall total data. The relationship between yields and rainfall is non-linear. Yields increase linearly with rainfall until mean May-December total rainfall exceeds around 500 mm. For wetter climates, other factors increasingly limit increases in yield per unit of rainfall. In APSIM, these include a limit on the rate of photosynthesis due to finite interception of solar radiation by leaves. Similar non-linear yield-rainfall relationships are observed in the real world due to this, and factors not represented by APSIM (e.g. crop pests and diseases) (French and Shultz, 1984) . growing season might be responsible for yield biases in their APSIM wheat simulations. These included the frequency and intensity of rainfall, mean and extreme temperatures, diurnal temperature range and solar radiation. However, for the single GCM-RCM combination that they investigated, they concluded that biases in simulated yields for the sites that we consider were driven by biases in May-December total rainfall. The strong association between mean yields and mean May-December total rainfall (Figure 8 ) suggests that the same is true for our APSIM simulations forced with data from 12 different GCM-RCM combinations. NARCliM simulations forced with the same GCM have similar yield biases (Figure 3(a) and (b) ). This suggests that the rainfall biases in an RCM simulation that are largely determining its yield biases are themselves largely determined by the forcing data from the driving GCM. Biases in the MIROC3.2 GCM are almost certainly the reason for the particularly poor correspondence between the yields for the APSIM simulations forced with data downscaled from this GCM and the yields for the APSIM simulations forced with observational data. Of the four GCMs chosen for downscaling in the NARCliM project, only MIROC3.2 has substantial positive biases in rainfall over the NSW wheat belt throughout the June-November season (Olson et al., 2014) . The RCM simulations forced with the MIROC3.2 GCM inherit these biases and are wetter, and more conducive to wheat growth, than the other RCM simulations (Figure 8 ), leading to large positive yield biases (Figure 3(a) and (b) ). The enhancement of yields is especially large in the west of the wheat belt, where precipitation is least, and yields are most sensitive to precipitation. Therefore, the 'gradient' in yields across the wheat belt is smaller for the MIROC3.2-forced simulations than for the other simulations.
Yield biases for uncorrected RCM data
Value of bias correction and higher climate model resolution
The strong association between mean wheat yields and mean May-December rainfall totals (Figure 8) suggests that the effect of the bias correction on yield biases could be explained by the effect of the bias correction on the rainfall totals. This is supported by the strong resemblance of Figure 9 , showing biases, relative to the SILO data set, in May-December rainfall totals for the bias-corrected data plotted against corresponding biases for the uncorrected data, to Figure 6 , the equivalent figure for yield biases.
It is noteworthy that the bias-correction method that we have used results in a data set that contains predominantly negative biases in May-December rainfall totals and, in some cases, results in an increase in the magnitude of small biases in May-December rainfall totals. In theory, this could be because we have defined rainfall biases relative to the point-based SILO observations. The bias correction corrects data towards the 50 and 10 km AWAP observational data sets. In theory, differences between the SILO and AWAP data sets could contribute to rainfall biases as we have defined them. However, in general, we found little difference between the data sets in terms of mean May-December rainfall totals for 1990-2009. We therefore suggest two alternative causes of the residual rainfall biases. Firstly, rainfall biases may remain in the bias-corrected NARCliM data due to mismatches between the actual daily rainfall data and the gamma cumulative probability distribution function fitted to them as part of the bias-correction procedure (Argüeso et al., 2013) . Secondly, bias correction of data for the daily timescale does not necessarily result in bias-free data at other timescales, such as the seasonal (May-December) timescale that we have analysed. Indeed, Haerter et al. (2011) showed that bias correction of daily data can increase biases at other timescales. Figure 10 shows changes in mean May-December rainfall totals between 1990-2009 and 2060-2079 for bias-corrected NARCliM data plotted against corresponding biases for uncorrected NARCliM data. The resemblance between Figures 10 and 7 , which show changes in mean May-December rainfall totals and in wheat yields, is less than that between Figures 9 and 6, which show biases in mean May-December rainfall totals and in mean yields. This means that the association between future changes in yields and future changes in May-December rainfall totals is less than between biases in yields and biases in May-December rainfall totals. However, the changes in rainfall do have some influence on the changes in yields. The rainfall changes for both resolutions behave similarly. For all simulations, the sign of rainfall changes is the same between the corrected and uncorrected data for almost all sites and the magnitudes of rainfall changes are somewhat similar. The yield changes are more positive than one would expect if changes in mean May-December rainfall totals were their only driver. Therefore, future changes in atmospheric CO 2 concentrations, which act to increase yields, and/or other aspects of the climate are affecting the future yield changes. Figure 10 shows that there are some systematic differences in the magnitude of the rainfall changes between the uncorrected and bias-corrected data. The rainfall increases for the CCCMA3.1-forced simulations are larger in the bias-corrected data than in the uncorrected data, while the rainfall increases for the MIROC3.2-forced simulations and the rainfall decreases for the CSIROMK3.0-forced simulations are smaller. It is possible that the reduction in the magnitude of the rainfall decreases for the CSIROMK3.0-forced simulations by the bias correction is the reason for the reduced magnitude of the yield decreases for these simulations for the bias-correction data. This effect is important because it narrows the range of yield changes simulated by the entire RCM ensemble. The modification of future changes in rainfall by the bias correction is a result of the correction of rainfall variability within the 1990-2009 period. The quantile mapping technique does not distinguish between different timescales of variability, so long-term climate trends are also modified by the method. Others (e.g. Haerter et al., 2011; Kempel et al., 2013; Bennett et al., 2014) have questioned the validity of alteration of long-term climate trends by bias correction. It is unclear whether this feature of the bias-correction technique that we have used is desirable or not. Further work examining links between the reliability of simulated long-term climate changes and biases in the simulation of climate variability on shorter timescales would be needed to establish this. in the west of the wheat belt. In contrast, the uncorrected data for the MIROC3.2-forced simulations give high yields for the 1990-2009 period due to positive rainfall biases and the non-linear yield-rainfall regime applies (Figure 8 ). Despite substantial increases in rainfall ( Figure  10 ), yield changes for the uncorrected MIROC3.2-forced simulations are limited because the yields are relatively insensitive to rainfall changes. Yield changes are larger for the bias-corrected data from these simulations (Figure 4) as the bias correction removes the positive rainfall biases (Figure 9 ), making the yields more sensitive to rainfall changes. The non-linear yield-rainfall relationship also causes the CCCMA3.1-forced simulations to produce smaller yield changes for sites in the east of the wheat belt when negative rainfall biases are removed by the bias correction (Figures 4 and 9) . In this case, however, the non-linear regime applies due to increases in rainfall due to bias correction and simulated future climate changes, rather than positive rainfall biases during the 1990-2009 period. The results for the MIROC3.2-and CCCMA3.1-forced simulations demonstrate the sensitivity of the future yield changes to rainfall biases. Given this, bias correction would seem to be a necessary step in using the NARCliM ensemble to force the APSIM wheat simulations. This is consistent with the views of others (e.g. Glotter et al., 2014; Zhang et al., 2015) who have used climate model output with non-linear agricultural models. Figure 3 shows that, for both NARCliM RCM resolutions, the wheat yields for the bias-corrected data for the 12 different NARCliM simulations are much more similar to each other than for the corresponding uncorrected data. This is due to the correction of rainfall towards observed values and we would expect similar behaviour for simulated yields for a future period. Furthermore, bias correction can reduce uncertainties in simulated future changes in yields where non-linearities in the yield-rainfall relationship are important. In our study, the correction of rainfall biases in the CCCMA3.1-forced simulations led to a reduction in the largest yield changes produced by the NARCliM ensemble. Hence, bias correction has the potential to reduce the apparent uncertainty in projections of future changes in wheat yields based on agricultural models forced with RCM ensembles. Ehret et al. (2012) caution that bias correction can 'hide' uncertainty in climate change impact studies without physical justification. For our case study, we argue that the reduction of uncertainty is valid if the mechanism is indeed the correction of rainfall biases that could result in unrealistic responses of simulated yields to simulated future rainfall changes. However, the reduction of uncertainty may not be valid for climate impacts that are more sensitive to relationships between different climate variables, and other relationships within climate data sets that, as pointed out by Ehret et al. (2012) , can be made less realistic by bias correction.
If uncorrected RCM output is used to force APSIM, there is no apparent benefit in terms of bias reduction to using the 10 km simulations rather than the 50 km simulations ( Figure 5 ). With bias correction, the largest yield biases for the 10 km simulations are smaller than those of the 50 km simulations ( Figure 6 ) and there is a greater tendency for the bias correction to increase the magnitudes of the yield biases for the 50 km CCCMA3.1-forced simulations than for the corresponding 10 km simulations. Hence, the 10 km simulations are superior to the 50 km simulations only if bias correction is used. The bias correction is slightly more effective at removing yield biases relative to the SILO data for the 10 km simulations than for the 50 km simulations. This is likely because at some sites, the 10 km AWAP data used to correct the 10 km simulations more closely resemble the SILO data than the 50 km AWAP data used to correct the 50 km simulations. This certainly appears to be the case in the eastern region (Figure 3(c) and (d) ), which has more complex topography than further westwards in the wheat belt.
Limitations of the study
This study does not incorporate bias-corrected solar radiation data as these were not available from the NARCliM project. Because solar radiation is related to rainfall, T Max and T Min (e.g. Liu and Scott, 2001 ), correcting these variables and not solar radiation may reduce the realism of the relationships between variables in the bias-corrected data sets that we have used to force APSIM. Further work could incorporate bias-corrected solar radiation data. Because there is a lack of direct observations of solar radiation, it may be necessary to correct simulated solar radiation towards values derived from satellite products and/or observations of sunshine hours or other variables. This may make the bias correction less reliable than for temperature and rainfall. The additional effect of bias correcting solar radiation data is only likely to be significant in APSIM simulations in which rainfall is plentiful and wheat growth is not always limited by water availability (e.g. simulations for the east of the wheat belt). For these simulations, altering solar radiation values could affect the relative importance of water and energy availability and thus alter the extent of the linear part of the yield-rainfall relationship shown in Figure 8 .
Another limitation of this study is that the analysis is confined to mean yields over a 20-year period. The inter-annual variability in yields is important for the impacts of climate change on farming communities (e.g. Luo et al., 2010; Potgieter et al., 2013) . It is debatable whether the 20-year data samples that were available to us would be sufficient for a robust analysis of inter-annual variability. Using 21-year data samples, Macadam et al. (2014) found few significant differences in the magnitude of yield variability between APSIM simulations forced with climate model output and simulations forced with observations. We do note, however, that yield variability may not be well-represented by GCM-RCM-APSIM setups like ours. In southeast Australia, inter-annual variability in rainfall is greatly affected by large-scale modes of climate variability, such as the El Nino Southern Oscillation (Risbey et al., 2009) , that are not well-simulated by GCMs. The RCM simulations are likely to be affected by errors in the representation of these modes in the driving GCM simulations, and such errors are difficult to correct using bias correction.
Conclusions
All of the RCM simulations that we examined, 50 and 10 km, are able to simulate the spatial pattern of high-and low-yield sites across the NSW wheat belt. However, the simulations have biases in yields. These are largely due to biases in May-December total rainfall, the largest of which are inherited from the forcing GCM. This is consistent with the results of Macadam et al. (2014) . Using APSIM-forcing data from a single GCM downscaled with a single RCM, they found that biases in wheat yields in NSW from an APSIM setup similar to ours were largely determined by biases in May-December total rainfall. We find that this conclusion is robust to the use of all 12 GCM-RCM combinations in the NARCliM ensemble. However, this result may not apply to APSIM setups that are more sensitive to other climate variables or rainfall characteristics, such as rainfall intensity.
When a quantile-mapping bias-correction technique is applied to the daily NARCliM temperature and rainfall output, the largest positive wheat yield biases are reduced because the underlying biases in growing season rainfall are reduced. However, negative biases in growing season rainfall and, therefore, yield, remain after bias correction, and some smaller biases are actually increased. This could be due to the fitting of a theoretical cumulative probability distribution function to the daily data as part of the bias-correction procedure and/or the focus of the procedure on correcting biases in daily, rather than seasonal, data. Nonetheless, we believe that bias correction of the NARCliM data is appropriate for forcing APSIM simulations. This is because we have demonstrated that biases in rainfall can affect future changes in APSIM-simulated yields due to a non-linear relationship between simulated yields and growing season rainfall.
The value of finer resolution climate modelling is expected to be most apparent in areas of complex topography, such as near mountains and coasts (e.g. Evans and McCabe, 2013) , and not in relatively flat inland areas, such as the NSW wheat belt. Consistent with this, when we use uncorrected RCM to force our APSIM simulations, there is no apparent benefit to downscaling to 10 km rather than 50 km. If the only purpose of the NARCliM simulations were to force APSIM wheat simulations, this result may appear to call into question the wisdom of incurring the additional computational cost of performing the 10 km simulations. However, the largest yield biases for the 10 km simulations are smaller than for the 50 km simulations when bias correction is used. Because we believe that bias correction is necessary, we conclude that there is additional value in the 10 km simulations for forcing our wheat simulations. It is unclear from this study whether there would be additional value in simulations finer than 10 km, the finest resolution of the NARCliM simulations. Because biases in rainfall are inherited from the forcing GCMs, bias correction would still be necessary at finer resolutions.
Although the APSIM model used by this study is widely used for climate change impact assessments, the study itself is not such an assessment. The focus of the study on climate data sets has necessarily meant that aspects of APSIM setup used are unrealistic. For example, the growth of the simulated wheat is never limited by soil nitrogen content. Nonetheless, this study provides evidence to support the use of bias correction in climate change impact assessments that use RCM output to force biophysical models. Although we have analysed wheat yields from APSIM simulations, our findings suggest that bias correction of RCM output may be necessary to obtain reliable future changes in other outputs of other biophysical models that respond non-linearly to climate inputs. Furthermore, although our study provides an example of where finer RCM resolution can be valuable when bias correction is used, the passing of GCM biases into downscaling RCM simulations suggests that finer RCM resolution will not negate the need for bias correction. et al., 2014) . This work was partly funded by the ARC Centre of Excellence for Climate System Science (grant CE110001028).
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